Bacterial community composition was monitored in four shallow eutrophic lakes during one year using denaturing gradient gel electrophoresis (DGGE) of PCR-amplified prokaryotic rDNA genes. Of the four lakes investigated, two were of the clearwater type and had dense stands of submerged macrophytes while two others were of the turbid type characterized by the occurrence of phytoplankton blooms. One turbid and one clearwater lake had high nutrient levels (total phosphorus, >100 g liter ؊1 ) while the other lakes had relatively low nutrient levels (total phosphorus, <100 g liter ؊1 ). For each lake, seasonal changes in the bacterial community were related to bottom-up (resources) and top-down (grazers) variables by using canonical correspondence analysis (CCA). Using an artificial model dataset to which potential sources of error associated with the use of relative band intensities in DGGE analysis were added, we found that preferential amplification of certain rDNA genes over others does not obscure the relationship between bacterial community composition and explanatory variables. Besides, using this artificial dataset as well as our own data, we found a better correlation between bacterial community composition and explanatory variables by using relative band intensities compared to using presence/absence data. While bacterial community composition was related to phytoplankton biomass in the high-nutrient lakes no such relation was found in the low-nutrient lakes, where the bacterial community is probably dependent on other organic matter sources. We used variation partitioning to evaluate top-down regulation of bacterial community composition after bottom-up regulation has been accounted for. Using this approach, we found no evidence for top-down regulation of bacterial community composition in the turbid lakes, while grazing by ciliates and daphnids (Daphnia and Ceriodaphnia) was significantly related to changes in the bacterial community in the clearwater lakes. Our results suggest that in eutrophic shallow lakes, seasonality of bacterial community structure is dependent on the dominant substrate source as well as on the food web structure.
In aquatic ecosystems, bacteria play a key role in the breakdown of organic matter and the remineralization of nutrients. They are grazed upon by protozoa and some metazoans and, as such, form the base of a heterotrophic aquatic food chain. Since the development of the microbial loop concept in the early 1980s (2) , substantial research efforts have been invested in evaluating the factors regulating bacteria in aquatic ecosystems. Bottom-up (resources) as well as top-down (predation) factors have been shown to regulate bacterial populations. Temperature or organic substrate concentrations may regulate bacterial growth (38) . Exudates produced by phytoplankton are an important organic substrate for bacteria in many aquatic ecosystems (3) , although in some lakes allochthonous humic substances may be equally important (4) . Under oligotrophic conditions, inorganic nutrients may limit bacterial growth (10) . Heterotrophic nanoflagellates are often the dominant grazers on bacteria in aquatic ecosystems (45) , but, especially in eutrophic environments, ciliates can be important grazers too (22) . In lakes, the metazoan Daphnia is an important grazer on bacteria (18) .
While several studies have been carried out to evaluate the role of bottom-up or top-down regulation on biomass or production of the aggregate bacterial community, little information is available on the influence of the same regulating mechanisms on bacterial community composition. This has been due mainly to the lack of suitable techniques for studying bacterial community composition. About a decade ago, genetic methods were developed to obtain a fingerprint of the bacterial community in field samples (34) . These new techniques have resulted in field studies on the distribution of bacterial communities in a variety of aquatic ecosystems (several references are given below). Recently, experimental studies have been carried out as well, whose results suggest that bottom-up as well as top-down factors may influence bacterial community composition. The bacterial community composition was found to respond to the development or degradation of phytoplankton blooms (see, e.g., references 43 and 55) , suggesting that the composition and/or concentration of organic matter regulates bacterial community composition. Grazing by protozoan as well as metazoan organisms has been identified as a force driving changes in bacterial community composition (see, e.g., references 24 and 56) .
Multivariate analyses techniques provide the appropriate statistical tools for describing variation in ecological communities (indirect multivariate analysis) and describing ways to relate this variation to changes in the environment (direct multivariate analysis). While these techniques have in the past been used extensively in a variety of disciplines dealing with ecological communities (e.g., terrestrial vegetation and phytoplankton), they have rarely been used to study bacterial community composition. Indirect multivariate analyses methods are purely descriptive in nature and lack statistical testing for relations between explanatory variables and community composition. They are used principally to reduce the multidimensionality typical of ecological community data and to extract common patterns from distributions of many species. Multidimensional scaling is an indirect multivariate analysis that was used by Van Hannen et al. (55, 56) and Schafer et al. (46) to describe changes in the bacterial community in mesocosms. Direct multivariate analyses are used to relate changes in ecological communities to changes in the environment. These techniques yield measures of correlation between explanatory variables and community composition and provide statistical tests for this correlation. In field studies of bacterial communities, direct multivariate analyses were used by Lindström (28) and Van der Gucht et al. (54) to demonstrate a relation between bacterial community composition and measured environmental variables. Interpretative problems may arise when many different explanatory variables are intercorrelated. Multicollinearity between several explanatory variables makes it difficult to distinguish between the separate effects of these different variables on the community composition. Variation partitioning, an extension of direct multivariate analysis used to separate the effects of different explanatory variables on community composition in a way analogous to partial correlation analysis, provides a solution for this problem (7) .
The aim of this study was to evaluate the impact of bottom-up and top-down factors on seasonal changes in planktonic bacterial communities in eutrophic shallow lakes. At a given nutrient concentration, eutrophic shallow lakes can occur at two alternative stable states that are characterized by very different food web structures. Shallow lakes can be of the clearwater type characterized by a high zooplankton grazing pressure and low phytoplankton biomass, or they can be of the turbid type characterized by the incidence of dense phytoplankton blooms and an inability of the zooplankton to regulate these blooms (49) . Differences between clearwater and turbid lakes are not restricted to the classic food chain (phytoplankton Ͼ zooplankton Ͼ fish) but also involve the microbial food web: all components of the microbial food web tend to attain higher biomass in turbid lakes than in clearwater shallow lakes (29) . For this study, four lakes were selected which differed not only in food web structure but also in trophic status. Two clearwater and two turbid shallow lakes were selected, one turbid and one clearwater lake characterized by high nutrient concentrations (Ͼ100 g of total P liter Ϫ1 ) and the other two lakes characterized by relatively low nutrient concentrations (Ͻ100 g of total P liter Ϫ1 ). The bacterial community composition in each lake was monitored for 1 year by using denaturing gradient gel electrophoresis (DGGE) analysis of PCR-amplified prokaryotic rRNA genes. Seasonal changes in bacterial community composition in each of the lakes were related to bottom-up and top-down variables by using canonical correspondence analysis, a direct multivariate analysis method. The effects of bottom-up and top-down variation were subsequently separated using variation partitioning. Here we relate seasonal changes in bacterial community composition directly to explanatory variables and suggest that different control mechanisms on bacterial community composition may operate in clearwater and turbid shallow lakes.
MATERIALS AND METHODS

Sampling.
Being situated in a low-lying and densely populated region of Europe, most lakes in Belgium are shallow and have, during the last century, shifted from the clearwater type characterized by dense stands of submerged macrophytes to the turbid type characterized by high phytoplankton biomass. For this study, four shallow lakes from two nature reserves situated in two different regions in Belgium were selected: a clearwater lake (Lake Visvijver) and a turbid lake (Lake Blankaart) situated in the Blankaart nature reserve and a clearwater lake (Lake Maten 13) and a turbid lake (Lake Maten 12) situated in the De Maten nature reserve. The lakes were sampled monthly in winter and biweekly in summer throughout 1999. Subsurface samples were collected at a fixed site within each lake. pH and temperature were measured in the field. For determination of bacterioplankton community composition and measurement of nutrient and suspended particulate matter (SPM) concentrations, a 2-liter water sample was transported to the laboratory in a cooler box to be processed within 5 h. Samples for determination of bacterioplankton abundance were fixed with formalin (2% final concentration). Samples for enumeration of microzooplankton (ciliates and heterotrophic nanoflagellates [HNF]) were fixed with Lugolformalin-thiosulfate (50) . For collecting macrozooplankton, the entire water column (usually Ͻ1 m) was sampled using a Shindler-Patalas trap and samples were fixed with sucrose-saturated formalin (13) . In the laboratory, nutrient samples were filtered over a GF/C filter and stored frozen until used for analysis by the method of Strickland and Parsons (52) . SPM concentrations were determined gravimetrically after filtration onto a GF/C filter. In each lake, cover by submerged macrophytes was estimated twice during the summer period by a transect survey (W. Rommens, personal communication).
DGGE analyses. For analysis of bacterial diversity using DGGE, a 200-ml subsample was filtered over a membrane filter (pore size, 0.22 m; filter diameter, 45 mm [Millipore]). The filter was cut into quarters using a sterile scalpel, and each quarter was stored at Ϫ80°C until used for further processing. DNA was extracted directly using the bead-beating method concomitant with phenol extraction and ethanol precipitation (57) . Following extraction, the DNA was purified on a Wizard column (Promega, Madison, Wis.) as recommended by the manufacturer. For DGGE analysis, a small rDNA fragment was amplified with primers 357F-GC-clamp (5Ј-CGCCCGCCGCGCCCCGCGCCCGGCCCGCC GCCCCCGCCCCCCTACGGGAGGCAGCAG-3Ј) and 518R (5Ј-ATTACCG CGGCTGCTGG-3Ј). Using these specific primers, our analysis is restricted to the domain Bacteria.
Due to the use of this universal prokaryote primer, our community profiles may include sequences not only from heterotrophic bacteria but also from autotrophic cyanobacteria and from chloroplast DNA. In summer 1998, in a separate study (Van der Gucht, unpublished results), a clone library was constructed from each of the lakes studied. Of all sequences analyzed, 11, 7, 3, and 2% were attributable to cyanobacterial or chloroplast DNA in lake Maten 12, Lake Blankaart, Lake Visvijver, and Lake Maten 13, respectively. When we investigated the relationship between cyanobacterial biomass and bacterial community composition in a CCA ordination (see below), we never found a significant relation. Therefore, we think that these sequences contributed in only a minor way to our bacterial community profiles and therefore do not severely influence our conclusions.
PCR amplification procedures were performed with a Genius temperature cycler. Each mixture, containing 5 l of template DNA, each primer at 0.5 M, each deoxynucleoside triphosphate at 200 M, 1.5 mM MgCl 2 , 20 ng of bovine serum albumin, 5 l of 10ϫ PCR buffer (100 mM Tris-HCl [pH 9], 500 mM KCl), and 2.5 U of Taq DNA polymerase (Ampli-Taq; Perkin Elmer), was adjusted to a final volume of 50 l with sterile water (Sigma). Following incubation for 5 min at 94°C, a touchdown PCR was performed using 20 cycles consisting of denaturation at 94°C for 1 min, annealing at 65°C (the temperature was decreased by 0.5°C every cycle until the touchdown temperature of 56°C was reached) for 1 min, and primer extension at 72°C for 1 min. Five additional cycles were carried out at an annealing temperature of 55°C. The tubes were then incubated for 10 min at 72°C. The presence of PCR products and their concentrations were determined by analyzing 5 l of product on 2% agarose gels, staining with ethidium bromide, and comparing them to a molecular weight marker (Smartladder; Eurogentec). As standards, we used a mixture of DNA from nine clones, obtained from a clone library of the 16S rRNA genes from one of the lakes studied. On every gel, three standard lanes were analyzed in parallel with the samples. All samples from one lake were analyzed on two parallel DGGE gels. Since these bands always should be formed at the same denaturant concentration in the gel, their position was used to compare the patterns formed in different gels. This procedure was semiautomated by using the Bionumerics 5.1 software package (Applied Maths BVBA, Kortrijk, Belgium). Since previous studies have shown that the DGGE band intensity is stable and reproducible, we decided to use band presence as well as relative intensity in our analyses because it provides extra information (47) . The Bionumerics software measures an optical density profile through each lane (corresponding to a single sample), identifies band positions, and calculates the percent contribution of the intensity of each band to the total intensity of the lane. This procedure yielded a matrix with the relative intensity of each band in all samples.
Plankton biomass. Samples for enumeration of bacteria and HNF were processed in the laboratory within 24 h of collection. Bacteria and HNF were stained with 4Ј,6-diamidino-2-phenylindole (DAPI) and counted on membrane filters using epifluorescence microscopy (51); 0.2-m-pore-size filters were used for bacteria, and 0.8-m-pore-size filters were used for HNF. Low vacuum pressure (Ͻ10 kPa) was used for preparing filters for enumeration of bacteria and HNF. Bacterial abundance was converted to biomass by assuming a constant conversion factor of 0.2 pg of C cell Ϫ1 (26) . HNF were enumerated in three size classes (Ͻ4 m, 4 to 10 m, and Ͼ10 m) and converted to biomass using a conversion factor of 0.15 pg of C m Ϫ3 (12) . Ciliates and phytoplankton were enumerated using inverted light microscopy. Ciliates and phytoplankton were usually identified to the genus level. For each taxon considered, about 30 cells were measured and the biovolume was calculated assuming ideal spherical shapes. Ciliate biovolume was converted to biomass by assuming a conversion factor of 0.22 pg of C m Ϫ3 (39) . For calculating phytoplankton biomass, the formulations given by Menden-Deuer and Lessard (30) were used. For determination of macrozooplankton biomass, all individuals in the sample were identified to the species level and enumerated using a dissection microscope. All individuals were measured, and abundance was converted to biomass using published length-weight regressions (8) .
Data analyses. We used multivariate statistics to investigate the relation between bacterial community composition and explanatory variables. The software package CANOCO 4.0 for Windows (53) was used for all analyses. Variation in community composition and the relationship of this variation to explanatory variables were analyzed for each lake separately. Analyses were done on presence-absence data as well as relative band intensity data. The data matrices containing relative band intensities were log(x ϩ 1)-transformed before analysis. Explanatory variables were log(x ϩ 1)-transformed where necessary to approximate normal distribution. We used ordination techniques based on weighted averaging, correspondence analysis (CA), and canonical correspondence analysis (CCA), which assume a unimodal response of species to the environment. The suitability of weighted averaging techniques as opposed to linear methods was tested for by performing a detrended correspondence analysis (DCA) with detrending by segments (17) . Exploratory DCA analyses of the datasets of the four lakes showed that the gradient length of the first axes in standard deviation units always exceeded 2 units, confirming the suitability of weighted-averaging-based techniques for analyzing our data. In our study, CA was used to determine the total amount of variation in the data while CCA was used to quantify the amount of variation in community composition explained by a single variable or sets of explanatory variables. The significance of the relation between explanatory variables (or sets thereof) and community composition was tested using Monte Carlo permutation tests (999 unrestricted permutations, P Ͻ 0.05).
The goal of this study was to investigate the relative contribution of bottom-up (resource) and top-down (predators) variables to explaining seasonal changes in bacterial community composition in the four lakes studied. However, this may be problematic if bottom-up and top-down variables that are both related to variation in the bacterial community are themselves correlated. A significant relation between community composition and biomass of potential predators may arise not only from a direct trophic interaction but also through indirect effects. This may be the case when bacteria and potential predators of bacteria are dependent on the same resource. For instance, phytoplankton biomass may provide a resource to the bacterial community via the production of exudates. At the same time, phytoplankton is a resource for cladocerans, which graze on most phytoplankton groups. If, in this particular example, a significant relationship is observed between bacterial community composition and biomass of phytoplankton as well as biomass of cladocerans, the significant relationship between the bacterial community and biomass of cladocerans is not necessarily a direct relationship. Bacterial community composition and cladoceran biomass may both be influenced by phytoplankton biomass in the absence of a direct effect of cladocera on the bacterial community. This results in a significant correlation between grazers and bacterial community composition. Multivariate analysis with variation partitioning as described by Borcard et al. (7) provides a solution to this problem and allows us to avoid these indirect relationships in the interpretation of multivariate analyses. This technique, which can be viewed as a multivariate analogue of partial correlation analysis, reevaluates the relationship between community composition and a given explanatory variable, A, after the effect of another variable, B, to which variable A may be correlated, has been accounted for. We used this technique to test for relations between potential bacterial grazers and the bacterial community after possible relations between bottom-up variables (e.g., phytoplankton biomass and nutrients), which may also influence grazers, and the bacterial community have been accounted for. If the significant relationship between bacterial community composition and grazer biomass persists after removal of possible sources of bottom-up variation from the data, we can be sure that the relation between grazers and the bacterial community is not influenced by indirect effects of bottom-up variables on grazers. This method allowed us to distinguish between true and apparent top-down effects on bacterial community composition in the lakes studied.
For the variation partitioning analysis, all explanatory variables were divided into two groups: variables related to bottom-up regulation (temperature, phytoplankton biomass, nitrogen and phosphorus concentrations, pH, and SPM) and variables related to top-down regulation (biomass of HNF, oligotrich and other ciliates, Daphnia, and Ceriodaphnia). HNF, ciliates, and large cladocerans like Daphnia and Ceriodaphnia are all capable of grazing on bacteria. Bacteria may also be influenced by temperature, phytoplankton biomass, nutrient concentrations, pH, and SPM concentration. These bottom-up variables may also directly or indirectly influence all or some of the potential predators of the bacteria. Variation partitioning was used to evaluate whether predators affected the bacterial community independently of the effect of bottom-up variables. First, for each lake, we selected only variables that independently explained a significant amount of the variation in bacterial community composition. Then, for the sets of bottom-up and top-down variables separately, we generated a minimal set of explanatory variables that explained variation in the community composition just as well as the full set by using the forward selection procedure in CANOCO. Finally, we removed bottom-up variation from the community data by introducing the bottom-up-related variation selected in the forward selection procedure in the CCA analyses as a covariable. After that, the variation explained by the top-down factors was quantified again. This variation, which is always smaller than or equal to the total top-down-related variation in the community data, is pure top-down-related variation and represents the variation explained by topdown factors in which bottom-up variation has been accounted for.
Data simulation. Although the intensity of DGGE bands provides a relative measure of the abundance of the corresponding bacterial taxa in a sample and although band intensity has in the past been used as a proxy for biomass (15, 47) , there are strong indications that band intensity is not linearly related to the biomass of the bacterial taxa present in a sample (11, 56) . On the other hand, a lot of information is lost when only presence-absence data are used. To evaluate how bias associated with the use of band intensities might influence the results of multivariate analyses, we constructed an artificial dataset, added potential sources of error to it, and evaluated how these possible sources of error influence the relationship between the community and an imaginary explanatory variable.
We created an artificial dataset containing information on biomass (B) of 30 imaginary taxa that display a unimodal response along a resource gradient with concentration R. This unimodal response is defined by a maximal biomass, B max , attained at the optimum resource concentration and characterized by spreading, , around this optimum: (Fig. 1A) . In community studies, datasets often contain substantial errors and the biomass of the most abundant taxa is generally quantified more precisely than that of rare taxa. To simulate these errors, we added a random error of 0 to 10 biomass units, corresponding to 0 to 10% of the maximal biomass, to our data. If the addition of this error term resulted in negative biomass, the corresponding taxon was not observed in that sample and the biomass was set to 0. This dataset 2 corresponds to "the best we could hope for" in bacterial community studies (Fig. 1B) . In dataset 3, we added an error typical for DGGE analysis of PCR-amplified genes in addition to the same error terms as those used in dataset 2. In DGGE analysis of bacterial communities, as it is currently applied, not all DNA is extracted with equal efficiency (32, 44). Moreover, during the PCR amplification step, sequences from some taxa may be preferentially amplified over others (see, e.g., references 33 and 42) . This may result in the overestimation of some taxa and underestimation of others. We assume that this over-or underestimation is constant for a given taxon in different samples. We included this source of error in dataset 3 by multiplying the biomass of all taxa by a factor that was constant for each taxon and which varied randomly between a twofold overestimation and a twofold underestimation among the different taxa. Finally, after adding all error terms to dataset 3, we transformed the biomass of each taxon to obtain relative biomass, as is done during analysis of DGGE gels in Bionumerics (ϭ biomass of a taxon divided by total biomass) (Fig. 1C) . Finally, dataset 4 (based on dataset 3) was constructed, in which only presence-absence data were included (Fig. 1D) . In all artificial datasets, total community biomass or number of taxa per sample did not vary systematically along the resource gradient. Given the modeled unimodal response of species biomass to resource concentration, we used CCA to quantify the variation in resource concentration explained by community composition. All datasets except dataset 4 were log(x ϩ 1) transformed prior to analysis. The analysis was done for the four datasets separately and was repeated five times for different sets of taxa (with randomly chosen values for B max , , and ) and samples (chosen randomly from the artificial resource gradient). Results from the analyses of datasets 1 versus 2, 2 versus 3, and 3 versus 4 were compared using paired t tests.
RESULTS
Comparison of the lakes studied.
A comparison of the four lakes studied is presented in Table 1 . Compared to the De Maten lakes, the Blankaart lakes were characterized by much higher nutrient concentrations. There was also a marked difference in pH: both De Maten lakes had a lower pH than the Blankaart lakes. Also, zooplankton biomass tended to be higher in the Blankaart lakes than in the De Maten lakes. Apart from zooplankton biomass, nutrient levels, and pH, the differences between clearwater and turbid lakes from the two regions were more pronounced than the regional differences. Submerged macrophyte cover was higher and SPM concentrations were lower in the clearwater lakes than in the turbid lakes. Despite a fivefold difference in nutrient concentrations between the lakes from the two regions, phytoplankton biomass was found to be more closely related to water clarity than to nutrient levels: phytoplankton biomass was more than twice as high in the turbid lakes as in the clearwater lakes. Green algae were the dominant component of the phytoplankton community in the turbid lakes, whereas cryptophytes were the most important phytoplankton group in the clearwater lakes. In 1999, cyanobacteria were never dominant in any of the lakes. Euglenophytes were common in the De Maten lakes and rare in the Blankaart lakes. Like phytoplankton biomass, the biomass of the components of the microbial loop (bacteria, HNF, and ciliates) tended to be higher in the turbid lakes than in the clearwater lakes, although the differences were less pronounced than for phytoplankton biomass. In all lakes studied, the ciliate biomass was higher than the HNF biomass. Oligotrich ciliates were a relatively more important component of the ciliate community in the Blankaart lakes than in the De Maten lakes. Regarding the community composition of the zooplankton, we observed a larger contribution of daphnids (Daphnia and Ceriodaphnia) to total biomass in the clearwater lakes than in the turbid lakes.
Data simulation. The results of the data simulation are presented in Fig. 2 . Inclusion of a random error in biomass determination (dataset 2) resulted in a significant (P Ͻ 0.001) decrease in the variation explained by resource concentration compared to the "ideal" dataset 1. The errors typical of bacterial community analysis as assessed by DGGE, together with the use of relative band intensity (dataset 3), however, resulted only in a slight and nonsignificant (P ϭ 0.09) decrease in the variation explained by resource concentration compared to dataset 2. The decrease in variation explained was quite variable among the five replicate datasets tested (range, 0.5 to 10.4%). When only presence-absence data were used (dataset 4), a significantly (P Ͻ 0.001) smaller fraction of community variation was explained by resource concentration.
Multivariate analyses. Seasonal succession in bacterial community composition was studied using an indirect CA analysis; only the results for the relative band intensity data are presented (Fig. 3) . In Lake Blankaart and the two lakes from the De Maten reserve, a relatively clear seasonal pattern was reproduced in the first two CA axes, indicating a relatively gradual seasonal succession of bacterial communities in these lakes. In Lake Visvijver, however, no such pattern was detectable, indicating that rapid changes in bacterial community composition often occurred over short timescales.
The relation between bacterial community composition and explanatory variables was investigated for the presence-absence data as well as for the relative band intensity data ( Table  2 ). All variables that significantly explained variation in the presence-absence data also significantly explained variation in the relative band intensity data. On four occasions, a significant relation was found for the analysis of relative band intensity data that was not found for the analysis of the presence-absence data. When a variable significantly explained variation in both datasets, the amount of variation explained was not always higher for relative band intensity data than for presenceabsence data. On eight occasions, more variation was explained in the presence-absence data, but this difference amounted to an average of only 0.9% (0.3 to 1.4%). On seven occasions, more variation was explained in the relative band intensity data, with a larger difference, amounting to an average of 2.4% (0.3 to 5.6%). The total contribution of bottom-up and top-down variables to explaining bacterial community composition was determined by following the forward selection procedure in CANOCO. Subsequently, to determine pure top-down-related variation, bottom-up-related variation was removed from the data by introducing this variation as a covariable in the CCA analyses. Differences between the two types of datasets in the variation explained by these groups of explanatory variables were similar to differences in the variation explained by separate variables except when a different number of variables was selected. This was the case for the bottom-up variation in Lake Maten 13, where pH and phosphorus concentration were included by forward selection dur- ing analysis of the presence-absence dataset while only phosphorus concentration was included in the analysis of relative band intensity data. This was also the case for the pure topdown variation in Lake Visvijver, where both Daphnia and nonoligotrich ciliates were included in the analysis of the relative band intensity data while only nonoligotrich ciliates were included in the analysis of the presence-absence data. In the following discussion, we address only the results of the analyses of the relative band intensity data. In Lake Blankaart, temperature, nitrogen concentration, and phytoplankton and Daphnia biomass significantly explained the variation in bacterial community composition. In Lake Visvijver, the biomass of phytoplankton, Daphnia, Ceriodaphnia, and oligotrich as well as nonoligotrich ciliates significantly explained the variation in the dataset. In Lake Maten 12, a significant relation was found only for temperature, while in Lake Maten 13, temperature, pH, phosphorus concentration, and biomass of Daphnia and Ceriodaphnia were significantly related to bacterial community composition.
Bottom-up variables explained about the same percentage of the total variation (13.4 to 16.8%) in the four lakes studied. In all lakes, only one variable was included in the set of bottom-up variables selected by the forward selection procedure: temperature in both turbid lakes, phytoplankton biomass in Lake Visvijver, and phosphorus concentration in Lake Maten 13. Top-down variables explained more variation in the clearwater lakes than in the turbid lakes. None of the top-down variables significantly explained the variation in Lake Maten 12, while Daphnia explained 15.0% of the variation in Lake Blankaart. In Lake Maten 13, 28.6% (nonoligotrich ciliates, Ceriodaphnia, and Daphnia selected) of the variation and in Lake Visvijver 42.6% (both Ceriodaphnia and Daphnia selected) of the variation was related to top-down variables.
To evaluate whether the variables measured in this study are able to explain the observed patterns in bacterial community composition, we compared the output of the CA analyses with the output of a CCA analysis including all variables that independently significantly explain variation in the datasets. We calculated correlation coefficients between the sample scores on the first and (if applicable) second CCA axes and the sample scores on the corresponding CA axes. For the analyses based on the presence-absence data as well as the relative band intensity data, correlation coefficients were always higher than 0.87, corresponding to a significance level of Ͼ0.00025. This indicates that the explanatory variables measured in this study explain the main variation in the data.
The results of the variation partitioning analysis are summarized in Fig. 4 . When bottom-up-related variation was removed in the data from Lake Blankaart, the only top-down variable significantly related to bacterial community composition a Results are given as mean Ϯ standard deviation for concentration data; no standard deviation is given for the percentage data. Since the percent cover by submerged macrophytes was determined only twice during the summer period, no standard deviation is given for these data.
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(Daphnia) no longer explained any variation in the data. In Lake Maten 12, no top-down variation was related to bacterial community composition before or after removal of bottom-up variation. After removal of bottom-up-related variation, only the biomass of nonoligotrich ciliates and Daphnia continued to explain the variation in the data for Lake Visvijver. Both were included by forward selection, and together they explained 26.1% of the pure top-down-related variation. In Lake Maten 13, both Daphnia and Ceriodaphnia significantly explained variation in the data after removal of bottom-up-related variation. Only Ceriodaphnia was included in the set of pure topdown-related variation by forward selection and explained 16.8% of the total variation.
DISCUSSION
In previous studies of bacterioplankton communities, different multivariate approaches were used to describe variation in community composition in space or time. To our knowledge, these studies only used presence-absence data in the analyses. Techniques used in these studies have included cluster analysis (see, e.g., reference 47) or other analysis methods based on similarity indices such as multidimensional scaling (46, 55) . In a study of bacterial diversity in five Swedish lakes, Lindström (28) used CCA to relate the presence-absence data of DGGE bands directly to variation in the environment. In our study, we applied the same technique (CCA) but used band intensity in addition to presence-absence data.
We used an artificial dataset to evaluate whether sources of error associated with the use of relative band intensity in DGGE profiles of PCR-amplified genes could affect the relation between bacterial community composition and explanatory variables. Compared to presence-absence data, the use of relative band intensities resulted in a significantly better relationship of the community data to the explanatory variable. This relationship was not influenced by preferential amplifica- tion of certain genotypes over others and or by the use of relative biomass over absolute biomass. This is not surprising, since multivariate analyses take into account changes in the relative composition of the community. These changes are not influenced by incorrect estimates of individual biomass of the different taxa. For our own datasets, we compared analyses based on presence-absence data with analyses based on relative band intensity data. As in our model analysis, the use of relative band intensity data resulted in more variables significantly explaining more variation in the data. Therefore, we used relative band intensities instead of presence-absence data to investigate the relationship between bacterial community composition and explanatory variables. Although problems associated with DGGE analysis of PCR-amplified genes cannot be used to infer information on biomass of different bacterial taxa, these problems do not obscure the relation between bacterial community composition and the environment. Admittedly, this conclusion assumes that the amplification efficiency of a given bacterial genotype is not influenced by the presence of other genotypes in the sample. The direct multivariate analyses revealed several significant relationships between explanatory variables and bacterial community composition. Bottom-up factors (temperature, phytoplankton biomass, nitrogen and phosphorus concentrations, and pH) as well as top-down factors (biomass of oligotrich and non-oligotrich ciliates, Daphnia, and Ceriodaphnia) were found to be significantly related to changes in the bacterial communities of the four lakes studied. The relationship between seasonality in bacterial community structure and explanatory variables differed according to the region as well as to the food web structure of the lake, which differed in the turbid and the clearwater lakes.
The most important regional differences were total nutrient FIG. 4 . Results of the variation partitioning analysis for the four lakes studied. For each lake, the total variation in bacterial community composition explained is partitioned among bottom-up variation and pure top-down variation. The results presented are based on the analyses of the relative band intensity data. a Two percentages are presented corresponding to the analyses of the matrices containing only presence-absence data (P-A) and the matrices containing relative band intensities (RBI). The underlined values denote variables which were included in the set of bottom-up, top-down, or pure top-down-related variables by means of forward selection. Pure top-down variation denotes the variation explained by top-down variables after bottom-up variation had been accounted for. (10) as well as community composition (37) through effects on growth. However, a significant relationship between bacterioplankton community structure and nutrients may also arise from covariation of nutrient concentrations with phytoplankton or submerged macrophyte biomass, since these aquatic plants can take up a large fraction of the dissolved nutrients during summer and may at the same time influence bacterial dynamics via release of carbon in the water (see reference 3 for phytoplankton and reference 41 for macrophytes). Only in the clearwater Lake Maten 13 did dissolvedphosphorus concentrations frequently drop below 10 M, a level low enough to limit bacterial growth and therefore to structure the bacterial community. In Lake Blankaart, total inorganic nitrogen levels were never below 10 M. The relationship with nitrogen observed in Lake Blankaart is therefore probably indirect and caused by covariation with phytoplankton biomass.
In both Blankaart lakes, the bacterial community was significantly related to phytoplankton biomass, while no such relation was found in the De Maten lakes. Probably, the bacterioplankton in the Blankaart lakes relies mainly on phytoplankton exudates as a carbon source while the bacterioplankton in the De Maten lakes depends mainly on other carbon sources, possibly allochthonous sources of carbon like humic acids. In a survey of six Adirondack lakes, a relationship was observed between dissolved organic carbon concentration and bacterial community composition, suggesting that the dominant organic matter sources may influence bacterial community composition (31) . Covariation between bacterioplankton community composition and phytoplankton biomass has been observed in other lakes (14, 35) as well as in marine ecosystems (1, 40) . Bacterial community composition in other lakes was shown to be dependent on humic acids (27) . Further research is needed to determine which factors regulate bacterial communities in the De Maten lakes.
Variation partitioning can be used to detect covariation between different explanatory variables or sets of explanatory variables. In this study, this approach was adopted to separate top-down from bottom-up effects on bacterioplankton dynamics. It allowed us to quantify pure top-down effects on the seasonality of bacterioplankton community composition. The results of these analyses suggest strong differences between turbid and clearwater lakes. Pure top-down-related variation was important (16.8 and 26.1% of seasonal variation) in the clearwater lakes but was not observed in the turbid lakes. Although Daphnia biomass was related to bacterioplankton dynamics in Lake Blankaart, this relationship was no longer significant when bottom-up effects were accounted for, probably because Daphnia biomass covaried with phytoplankton biomass. In the turbid Lake Maten 12, no relation was found to the biomass of any grazer organism. In the clearwater lakes, Daphnia, Ceriodaphnia and nonoligotrich ciliates explained a large fraction of the bacterial seasonality after bottom-up effects were accounted for. Many ciliates are potentially important grazers on bacteria, and it has been shown that ciliates select certain size classes of bacteria over others (23) . Daphnids such as Daphnia and Ceriodaphnia are large filter feeders that play a key role in shallow lakes (16) . They not only regulate phytoplankton biomass but also have a strong impact on the microbial food web, including the bacteria (20) . Daphnids are able to feed on a broad particle size range but their filter apparatus is unable to retain the smallest bacteria, and selective grazing by daphnids is probably related to size selection (9) . Given the relationship observed by Bernard et al. (5) between bacterial size and taxonomic composition, size-selective grazing by ciliates or daphnids may explain the impact of these grazers on bacterial community composition. In a field study of a eutrophic lake, Höfle et al. (14) also observed a relationship between bacterial diversity and Daphnia biomass.
The results of our study do not imply that top-down control is of no importance in determining bacterial community composition in turbid lakes. From this study, we can only conclude that top-down factors are not related to seasonal changes in the structure of the bacterial community. We found no relationship between HNF and bacterial community structure in any of the lakes studied, although it is well known that HNF are important grazers on bacteria in most aquatic systems including lakes. During prey capture, HNF select certain bacteria over others (6, 19) , and a strong influence of HNF grazing on bacterial community composition has also been demonstrated in experiments (21, 24, 25, 56) . In the lakes studied, however, HNF biomass was very low compared to ciliate biomass, and ciliates were probably more important with respect to bacterivory. A relatively small grazing impact of HNF on bacteria in the lakes studied may explain the absence of a relationship to bacterial community composition.
Our results suggest that bacterial succession may differ according to the dominant substrate source in the lake (phytoplankton versus other sources). In clearwater shallow lakes, as opposed to turbid lakes, the effect of top-down control by grazers is superimposed on regulation by substrates. Large metazoan filter feeders such as Daphnia and Ceriodaphnia, as well as protozoan ciliates, may play an important role in the structuring of the bacterial community. Organic matter degradation is related to the composition of the bacterial community (36, 43) . Therefore, by removing taxa responsible for the degradation of certain organic matter fractions or by selecting for species with lower growth rates, grazers may influence the rate of degradation of organic matter and remineralization of nutrients in clearwater shallow lakes. Next to grazing of phytoplankton and many other feedback mechanisms that stabilize the clearwater state in shallow eutrophic lakes (see reference 48) , grazer control of bacterial community composition may represent another process contributing to the maintainance of water clarity in clearwater shallow lakes.
